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Abstract. - In this Letter, we empirically study the influence of reciprocal links, in order to un-
derstand its role in affecting the structure and function of directed social networks. Experimental
results on two representative datesets, Sina Weibo and Douban, demonstrate that the reciprocal
links indeed play a more important role than non-reciprocal ones in both spreading information
and maintaining the network robustness. In particular, the information spreading process can
be significantly enhanced by considering the reciprocal effect. In addition, reciprocal links are
largely responsible for the connectivity and efficiency of directed networks. This work may shed
some light on the in-depth understanding and application of the reciprocal effect in directed online
social networks.
Introduction. – Nowadays, the emergence of social
networks and affiliated applications have triggered an in-
creasing attention from various disciplines, ranging from
studying the social interactions and spreading patterns in
social sciences [1,2] to uncovering the underlying structure
and dynamics in mathematics and physics [3, 4]. Gen-
erally, social networks can be classified into two typical
classes according to the edge properties: undirected and
directed. Undirected social networks, such as Flick [5] and
Okut [5], do not allow two users to be connected unless the
relation is mutually confirmed, hence, they are normally
regarded as equivalent individuals in graph theory. Com-
paratively, directed social networks, such as Twitter [5]
and Epinions [5], contain both unidirectional and bidi-
rectional links, which consequently build up a so-called
follower/followee structure [6–8]. An online user is con-
sidered as a follower once s/he collects some other users
as friends (followees), and puts close attention to them via
automatically receiving their real-time information, as well
as online activities [9]. A considerable fraction of those
followees would also give positive feedback and add some
of their followers with similar interests as online neigh-
bors. Subsequently, such intermediate directed structure
(a)Corresponding author: zhangzike@gmail.com
property, namely reciprocity [10], facilitates a great deal of
attention from the scientific community. Nowak and Sig-
mund discussed that the indirect reciprocity would help in
building reputation systems, judging morality and even-
tually promote the cooperation level [12] and benefit the
evolution of natural selection [11] in both social environ-
ment [13, 14] and supply networks [15]. Pereira et al. ex-
perimentally discussed that negative reciprocity, because
of lower cost and less effort, was somehow more favored
than the positive reciprocity [16]. Moreover, the power of
reciprocity [17] does not only play a vital role in social
economic systems [18,19] and human social organizations
[20,21], but also has been found wide applications in char-
acterizing the property [22,23], maintaining the structure
[24,25], and uncovering the underlying function of directed
social networks [26, 27].
Typically, the simplest definition of reciprocity, r, can
be quantified as the ratio of the number of bidirectional
links, L↔, to the total number of links L [28, 29],
r =
L↔
L
. (1)
For the extreme cases, r = 0 represents an absolute di-
rected network where all links are unidirectional, and
r = 1 stands for a complete undirected network where
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all links are reciprocal. Therefore, the value of r measures
the probability that two nodes of a given link are mutu-
ally connected. However, Garlaschelli and Loffredo [22]
argued that Eq. (1) failed to precisely describe the full
network information, For example, the network density
and self-loops can significantly affect the final measure-
ment of mutual connections. Alternatively, they proposed
a new measure of reciprocity considering the ordering of
different networks according to their actual degree of reci-
procity, denoted as
ρ =
L↔
L
− a¯
1− a¯
=
r − a¯
1− a¯
, (2)
where a¯ = L/N(N − 1) measures the ratio of observed
links to all possible directed links (namely link density).
Based on this improved measure, Zlatic´ et al. [23] reported
that the reciprocity of Wikipedia [5] could be very similar
to other directed networks, but having a stronger reci-
procity than the networks of associations and dictionary
terms, and smaller than that of World Wide Web. Be-
sides that, they found that such a measure is quite stable
for different scales of Wikipedia networks, hence is very
important for describing the structure and evolution of
wiki-based networks. Bogun˜a´ et al. [30] found that recip-
rocal connections played a crucial role in constructing the
giant connected component and possibly affecting the Web
navigability. Futhermore, Serrano et al. [31] provided an
in-depth study of the effect of reciprocal links on degree-
degree correlations and clustering. They found that recip-
rocal links indeed organized the local subgraphs of the
World Wide Web network by forming start-like struc-
tures, as well as cliques and communities, which contained
highly interconnected pages. What’s more, Gorka et al.
[32] argued that the reciprocity was largely dependent on
degree-degree correlation, which, consequently could par-
tially reveal the underlying hierarchical structure of net-
works. Zlatic´ and Sˇtefancˇic´ [33] discussed the influence of
reciprocity on vertex degree distribution and degree cor-
relations. They found that networks driven by recipro-
cal mechanisms are significantly different from static net-
works.
In this Letter, we shall provide a specific empirical study
of the reciprocity influence on the structure and function of
social networks. In particular, we apply a widely used epi-
demic spreading model [34–36] to observe the effect of reci-
procity on information spreading. Numerical results show
that reciprocal links can noticeably enhance the speed of
information spreading. In addition, we show how recip-
rocal links affect the structure robustness as percolation
catalysts in maintaining the global connectivity by inves-
tigating the avalanche of giant components, the network
susceptibility and the network distance [37, 38].
Data and Analysis. – In this Letter, we con-
sider two representative directed social networks: (i)
Sina Weibo [39]: the largest Chinese microblogging web-
site, where a user (follower) can add others as his/her
friends (followee) and automatically receive their posts
and events. In addition, users can forward, comment or
share their followees’ news on their own post walls; (ii)
Douban [40]: the largest Chinese website for reviewing
online movies, books, and music. Besides users’ generally
proactive contribution, Douban also provides services via
its recommendation mechanism, which can suggest items
of users’ potential interests by mining their personalized
preferences. Similar with Sina Weibo, users in Douban can
also build follower-followee relationship with each other.
Table 1: Basic statistics of the two observed data sets.
N = |V | and M = |E| are the total number of nodes and
links, respectively, ρ is the network reciprocity denoted
by Eq. (2), and S = M/N(N − 1) denotes the network
sparsity.
Data sets N M ρ S
Sina Weibo 3,592 12,522 0.307 9.7×10−4
Douban 3,097 6,417 0.474 6.7×10−4
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Fig. 1: In-degree (left) and out-degree (right) distributions
of the two observed data sets.
Consequently, such relationship can be represented by a
directed network G(V,E), where V is the set of nodes and
E is the set of edges. Each node represents a user, and one
link from user i to user j indicates i is followed by j, that
is to say, i is the followee of j, and j is one of i’s follower.
Table 1 summarizes the basic statistics of the observed
datasets. In addition, Fig. 1 shows the out-degree distri-
butions which power-law p(kout) ∝ k
−λ
out with exponents
λ=1.366 and 1.958, for Sina Weibo and Douban, respec-
tively. This common feature suggests that most users are
ordinary beings who have relative small number of follow-
ers and keep only a small fraction of celebrities. Compar-
atively, the in-degree distribution of the two datasets does
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not exhibit the same phenomenon. The in-degree distri-
bution of Douban still keep power-law shape with expo-
nent 2.387, but Sina Weibo has a cut-off around kin = 20.
One possible reason is that Sina Weibo only allows a cer-
tain number of followers for each free account. It might
also suggest the different mechanisms driving the growth
of two sites: information diffusing automatically in mi-
croblogging system of Sina Weibo, comparing with the in-
formation filtering by recommendation-related technique
in Douban. Similar difference between passive and auto-
matic patterns was also empirically reported in bipartite
and hypergraph networks [41, 42]. In addition, we further
investigate the average number of common follower and
followees (see Table 2). Compared to non-reciprocal node
pairs, reciprocal ones tend to have more common follow-
ers and followees, which is in accordance with previous
work [27].
Table 2: Comparisons of the average number of common
followees (NCI) and followers (NCF ) for reciprocal and
non-reciprocal node pairs, respectively.
Sina Weibo Douban
NCI NCF NCI NCF
Reciprocal 0.498 0.451 0.215 0.155
Non-reciprocal 0.274 0.295 0.029 0.083
Methods and Results. – To better understand the
influence of link reciprocity in social networks, in the fol-
lowing, we shall evaluate its effects on information spread-
ing and network robustness from the perspectives of the
network function and structure, respectively.
Effect on Information Spreading. Information spread-
ing [43] is one of the most important functions of social
networks, where the information (messages, tweets, com-
ments, etc.) can distribute at a remarkably fast speed
through the whole online society via frequent interactions
among users, although its structure is not designed on
purpose for spreading news [44]. Up to now, there is a
considerable number of theoretical models to study in-
formation diffusion on social networks [45–49]. In this
Letter, in order to understand the underlying mechanisms
and possible factors that would result in the information
outbreaks, we adopt the classic epidemic spreading model,
Susceptive-Infected (SI) model [34], to evaluate the effect
of reciprocal links in the two aforementioned social net-
works. The diffusion process is described as following,
• Initially, user i publishes an information item, I, in
the corresponding social network. I could be about a
piece of news, a photo, a comment, etc;
• All i’s followers will automatically receive I according
to the follower-followee directed network structure.
Then an arbitrary fraction of those followers might
notice I, and forward it on their own homepages if
they find it interesting. We consider this forwarding
willingness as the transmission probability, denoted
by p;
• The above step will be repeated to the followers of i’s
followers, and eventually diffuses to the all achievable
network nodes.
Note that, the main difference between the directed SI
(DSI) and classical SI model is that the link direction is
taken into account. In the proposed DSI model, the in-
formation only can be transmitted from the followee to its
own followers along with the direction of edges. There-
fore, the final fraction of influenced nodes, ρI , is deter-
mined by such a structure. In order to observe the ef-
fects of reciprocal links on information diffusion, we quan-
tify the influence according to an edge percolation process
[38,51–53]. Obviously, if one reciprocal link is more impor-
tant than two separate non-reciprocal links, the informa-
tion diffusion results will be affected significantly when we
remove the same fraction of reciprocal and non-reciprocal
links. Fig. 2 compares the information coverage of remov-
ing the two types of links. Compared with removing non-
reciprocal links, ρI decays much faster when we remove
the same amount of reciprocal links. Analogously, it also
can be seen from Fig. 3 that the diffusion speed is affected
much remarkably when removing reciprocal links. There-
fore, it demonstrates that reciprocal links indeed play a
more important role in the information diffusion process
on directed social networks.
Effect on Structural Robustness. In conventional com-
plex network theory, it is wildly agreed that the network
function is largely influenced by its specific structure [50].
Therefore, to give solid and comprehensive understanding
of the aforementioned results, we adopt the a dynamical
removing process to measure the effects of reciprocal links
on maintaining the structural robustness of networks [38].
For comparison, we apply three metrics to quantify the
corresponding performance. (i) RGSCC : the relative size
of the strongly connected giant component. A sudden de-
cline of RGSCC will be observed if the network disinte-
grates after deleting a certain fraction of edges; (ii) the
network susceptibility (S˜): defined as
S˜ =
∑
s<smax
nss
2
N
, (3)
where n is the number of components with s nodes, N
is the size of the network, and the sum runs over all the
components except the largest one (smax). Note that, dif-
ferent with the definition in undirected networks, in Eq.
(3), we only consider the strongly connected component
in directed networks. Considering S˜ as the function of the
fraction of removed edges f , usually, an obvious peak can
be observed when the network disintegrates [54, 55]; (iii)
the average distance 〈d〉, calculated by
〈d〉 =
1
N(N − 1)
∑
<i,j>∈E,i6=j
d<i,j>, (4)
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Fig. 2: (Color online) The fraction of influenced nodes as the function of the fraction of removed links f . In each
subgraph, the red and green curves correspond to removing reciprocal and non-reciprocal links, respectively. The
experimental results are averaged over 30 independent realizations.
Fig. 3: (Color online) The fraction of influenced nodes as the function of observed time-step t, where f is the fraction of
removed links. The red and green curves correspond to removing reciprocal links and non-reciprocal links, respectively.
The experimental results are averaged over 30 independent realizations.
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where d<i,j> is the distance from node i to j. d<i,j> is
set to N when there is no directed path from node i to
j. Clearly, the smaller 〈d〉 is, the better connectivity and
more efficient the network will be.
Fig. 4 and Fig. 5 show the corresponding results of the
three examined matrices. In Fig. 4, it shows different dy-
namical patterns of removing reciprocal and nonreciprocal
links, respectively. The size of strongly connected giant
component (RGSCC) decreases more sharply when remov-
ing reciprocal links than deleting non-reciprocal ones. Ac-
cordingly, the network susceptibility (S˜) result shows a
percolation phenomenon when removing reciprocal links.
Comparatively, this phenomenon is not observed when re-
moving non-reciprocal links. In addition, Fig. 5 shows
that the average network distance (〈d〉) increases much
faster when removing reciprocal links than deleting the
nonreciprocal ones. In a word, different dynamical results
indicate that reciprocal links play a more important role
in both maintaining the connectivity and keeping the ef-
ficiency of directed networks than non-reciprocal links. It
also strongly supports the results in the previous section
that reciprocity can much promote the speed of informa-
tion diffusion, as it takes a more significant responsibility
for the robustness of directed networks.
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Fig. 4: (Color online) The fraction of giant component size
(RGSCC) and the susceptibility (S˜) as the function of the
fraction of removed links f on the two observed datasets,
(a) Sina Weibo and (b) Douban. In each subgraph, the red
and green curves correspond to the results of reciprocal
and non-reciprocal links, respectively. The experimental
results are averaged over 30 independent realizations.
Conclusions and Discussion. – In this Letter, we
have studied the influence of reciprocal links of directed
networks from two perspectives: (i) information spread-
ing; (ii) structural robustness. Experimental results on
two representative directed social networks, Sina Weibo
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Fig. 5: (Color online) The average network distance
(〈d〉) as the function of removed links f on the two ob-
served datasets, (left panel) Sina Weibo and (right panel)
Douban. The red and green curves correspond to the re-
sults of reciprocal and non-reciprocal links, respectively.
The experimental results are averaged over 30 indepen-
dent realizations.
and Douban, show that reciprocal links indeed play a more
important role than non-reciprocal ones. In particular, the
results of information spreading show that reciprocity can
significantly enhance the spreading speed. In addition, the
corresponding observations on the two examined datasets
show that the reciprocity is also largely responsible for
maintaining the connectivity and keeping the efficiency of
directed networks, which suggests its significant impact in
information spreading on networks.
The findings of this work may have a wide-range ap-
plication in studying the role and influence of reciprocal
links. Firstly, the topic of community detection has been
well discussed [56], however, the progress on directed net-
works [57] is relatively slow. The main reason is that the
modularity [58] of directed networks is rather difficult to
be precisely defined. Secondly, most studies on epidemic
spreading and information diffusion [59] focus on study-
ing the corresponding dynamics on undirected networks,
the in-depth theoretical understanding of the underlying
spreading mechanism on directed networks [60] still re-
mains to be solved. Finally, the area of information fil-
tering [61] confronts a huge challenge as more and more
directed social services are provided in the information
era. The present work just provides a start point to see
the preliminary effects of reciprocal links, a more com-
prehensive and in-depth understanding of reciprocity still
need further efforts to discover.
∗ ∗ ∗
This work was partially supported by the National Nat-
ural Science Foundation of China (Grant Nos. 11105024,
11105025, 1147015 and 11205040). ZKZ acknowledges
the Zhejiang Provincial Natural Science Foundation of
China (Grant Nos. LY12A05003 and LQ13F030015), the
start-up foundation and Pandeng project of Hangzhou
Normal University. ZYX acknowledges the Fundamen-
tal Research Funds for Central Universities (Grant No.
A03008023401042).
p-5
Y.-X. Zhu et al.
REFERENCES
[1] Jackson M. O. and Watts A., J. Economic Theory, 106
(2002) 265.
[2] Kwak H., Lee C., Park H., and Moon S., Proc. 19th
Intl. Conf. WWW, 74 (2006) 59.
[3] Castellano C., Fortunato S., and Loreto V., Rev.
Mod. Phys., 81 (2009) 591.
[4] Lancichinetti A., Fortunato S., Kertesz J., Nature,
446 (2007) 664.
[5] Websites of data can be accessed online via:
http://www.flickr.com/, http://www.okut.com/,
http://www.twitter.com/, http://www.epinions.com/
and http://wikipedia.org/.
[6] Huberman B., Romero D. M. andWu F., First Monday,
14 (2009) .
[7] Gayo-Avello D., Brenes D. J., Ferna´ndez-
Ferna´ndez D., Ferna´ndez-Mene´ndez M. E. and
Garc´ıa-Sua´rez R., EPL, 94 (2011) 38001.
[8] Grabowicz P. A., Ramasco J. J., Moro E., Pujol J.
M. and Eguiluz V. M., PLoS ONE, 7 (2012) e29358.
[9] Cimini G., Chen D.-B., Medo M., Lu¨ L., Zhang Y.-C.
and Zhou T., Phys. Rev. E, 85 (2012) 046108.
[10] Falk A. and Fischbacher U., Games and Economic Be-
havior, 54 (2006) 293.
[11] Nowak M. A. and Sigmund K., Nature, 437 (2005) 1291.
[12] Rong Z., Yang H.-X. and Wang W.-X., Phys. Rev. E,
82 (2010) 047101.
[13] West S. A., Griffin A. S. and Gardner A., J. Evolu-
tion. Biol., 20 (2007) 415.
[14] Rockenbach B. and Milinski M., Nature, 444 (2006)
718.
[15] Ge Z., Zhang Z.-K., Lu¨ L., Zhou T. and Xi N., Physica
A, 391 (2012) 647.
[16] Pereira P. T., Silva N. and Silva J. A., J. Econ. Be-
havior Organ., 59 (2006) 406.
[17] Diekmann A., J. Conflict Resolution, 48 (2004) 487.
[18] Berg J., Dickhaut J. and McCabe K., Games Econ.
Behavior, 10 (1995) 122.
[19] Fehr E., Fischbacher U. and Ga¨chter S., Human Na-
ture, 13 (2002) 1.
[20] Milinski M., Semmann D. and Krambeck H., P. Roy.
Soc. B-Biol. Sci., 269 (2002) 881.
[21] Fehr E. and Fischbacher U. , Nature, 425 (2003) 785.
[22] Garlaschelli D. and Loffredo M. I., Phys. Rev. Lett.,
93 (2004) 26.
[23] Zlatic´ V., Bozicevic M., Stefancic H. and Domazet
M., Phys. Rev. E, 74 (2006) 016115.
[24] Zhou T., Medo M., Cimini G., Zhang Z.-K. and
Zhang Y.-C., PLoS ONE, 6 (2011) e20648.
[25] Lu¨ L., Zhang Y.-C., Yeung C. H. and Zhou T., PLoS
ONE, 6 (2011) e21202.
[26] Medo M., Zhang Y.-C. and Zhou T., EPL, 80 (2009)
68003.
[27] Cui A.-X., Zhang Z.-K., Tang M., Hui P. M. and Fu
Y., PLoS ONE, 7 (2012) e50702.
[28] Newman M. E. J., Forrest S. and Balthrop J., Phys.
Rev. E, 66 (2002) 035101(R).
[29] Serrano M. A´. and Bogun´’a M., Phys. Rev. E , 68
(2003) 015101(R).
[30] Bogun˜a´ M. and Serrano M. A., Phys. Rev. E, 72,
(2005) 016106.
[31] Serrano M. A., Maguitman A., Bogun˜a´ M., Fortu-
nato S. and Vespignani A., ACM Trans. Web., 1 (2007)
10.
[32] Zamora-Lo´pez G., Zlatic´ V., Zhou C. S., Sˇtefancˇic´
H. and Kurths J., Phys. Rev. E, 77 (2008) 016106.
[33] Zlatic´ V. and Sˇtefancˇic´ H., Phys. Rev. E, 80 (2009)
016117.
[34] Pastor-Satorras R. and Vespignani A., Phys. Rev.
Lett., 86 (2001) 3200.
[35] Barthe´lemy M., Barrat A., Pastor-Satorras R.
and Vespignani A., Phys. Rev. Lett., 92 (2004) 178701.
[36] Perra N., Gonc¸alves B., Pastor-Satorras R. and
Vespignani A., Sci. Rep., 2 (2012) 469.
[37] Menczer F., Proc. Natl. Acad. Sci. U. S. A., 101 (2004)
5261.
[38] Cheng X.-Q., Ren F.-X., Shen H.-W., Zhang Z.-K.
and Zhou T., J. Stat. Mech., (2010) P10011.
[39] http://weibo.com
[40] http://www.douban.com
[41] Shang M.-S., Lu¨ L., Zhang Y.-C. and Zhou T., EPL,
90 (2010) 48006.
[42] Zhang Z.-K. and Liu C., J. Stat. Mech., (2010) P10005.
[43] Vespignani A., Nat. Phys., 8 (2011) 32.
[44] Doer B., Fouz M. and Friedrich T., Commun. ACM,
55 (2012) 40.
[45] Liu Z., Lai Y.-C. and Ye N., Phys. Rev. E, 67 (2003)
031911.
[46] Moreno Y., Nekovee M. and Pacheco A. F., Phys.
Rev. E, 69 (2004) 066130.
[47] Hill A. L., Rand D. G., Nowak M. A. and Christakis
N. A., PLOS Comput. Biol., 6 (2010) e1000968.
[48] House T., J. R. Soc. Interface, 8 (2011) 909.
[49] Dodds P. S. and Watts D. J., Phys. Rev. Lett., 92
(2004) 218701.
[50] Newman M. E. J., SIAM Rev., 45 (2003) 167.
[51] Onnela J.-P., Sarama¨ki J., Hyvo¨nen J., Szabo´G L.
D., Kaski K., Kerte´sz J. and Baraba´si A.-L., Proc.
Natl. Acad. Sci. U. S. A., 104 (2007) 7332.
[52] Juan G. R., Edward O. and Brian R. H., Phys. Rev.
Lett., 100 (2008) 058701.
[53] Schwartz N., Cohen R., ben-Avraham D., Baraba´si
A.-L., and Havlin S., Phys. Rev. E, 66 (2002) 015104.
[54] Stauffer D. and Aharony A., Introduction to Percola-
tion Theory (London: CRC Press) 1994.
[55] Bunde A. and Havlin S., Fractals and Disordered Sys-
tems (New York: Springer) 1996.
[56] Fortunato S., Phys. Rep., 486 (2010) 75.
[57] Leicht E. A. and Newman M. E. J., Phys. Rev. Lett.,
100 (2008) 118703.
[58] Girvan M. and Newman M. E. J., Proc. Natl. Acad. Sci.
U. S. A., 99 (2002) 7821.
[59] Lu¨ L., Chen D.-B. and Zhou T., New J. Phys., 13 (2011)
123005.
[60] Liu C. and Zhang Z.-K., arXiv:1207.5272, (2012) .
[61] Lu¨ L., Medo M., Yeung C. H., Zhang Y.-C., Zhang
Z.-K. and Zhou T., Phys. Rep., 519 (2012) 1.
p-6
